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Abstract: The Niger Delta Region is the largest river delta in Africa and features the fifth largest
mangrove forest on Earth. It provides numerous ecosystem services to the local populations and
holds a wealth of biodiversity. However, due to the oil and gas reserves and the explosion of human
population it is under threat from overexploitation and degradation. There is a pressing need for
an accurate assessment of the land cover dynamics in the region. The limited previous efforts have
produced controversial results, as the area of western Africa is notorious for the gaps in the Landsat
archive and the lack of cloud-free data. Even fewer studies have attempted to map the extent of
the degraded mangrove forest system, reporting low accuracies. Here, we map the eight main land
cover classes over the NDR using spectral-temporal metrics from all available Landsat data centred
around three epochs. We also test the performance of the classification when L-band radar data
are added to the Landsat-based metrics. To further our understanding of the land cover change
dynamics, we carry out two additional assessments: a change intensity analysis for the entire NDR
and, focusing specifically on the mangrove forest, we analyse the fragmentation of both the healthy
and the degraded mangrove land cover classes. We achieve high overall classification accuracies in
all epochs (~79% for 1988, and 82% for 2000 and 2013) and are able to map the degraded mangroves
accurately, for the first time, with user’s accuracies between 77% and 87% and producer’s accuracies
consistently above 82%. Our results show that mangrove forests, lowland rainforests, and freshwater
forests are reporting net and highly intense losses (mangrove net loss: ~500 km2; woodland net loss:
~1400 km2), while built-up areas have almost doubled in size (from 1990 km2 in 1988 to 3730 km2
in 2013). The mangrove forests are also consistently more fragmented, with the opposite effect
being observed for the degraded mangroves in more recent years. Our study provides a valuable
assessment of land cover dynamics in the NDR and the first ever accurate estimates of the extent of
the degraded mangrove forest and its fragmentation.
Keywords: Niger Delta Region; mangroves; land cover dynamics; intensity analysis; fragmentation;
spectral-temporal metrics; land degradation; Landsat; ALOS PALSAR-2; JERS-1; GLCM
1. Introduction
Deltas are economic and environmental hot spots [1]. They take up less than 1% of the Earth’s
surface but are home to more than ca. 7% of the global population—a density more than 10 times the
average [2]. Deltas are able to support such high human populations thanks to the high productivity,
biodiversity, and the ability to use the waterways for transport. They are key contributors to the
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production of agricultural goods and are, therefore, highly important in the fight against global food
insecurity [3]. However, these important systems are highly delicate and vulnerable. Tropical delta
regions, in specific, are under risk of numerous threats, including sea level rise, extreme floods,
storm surges, erosion, subsidence, and salinity intrusion, amongst others, which are expected to
increase both in frequency and magnitude with the climate crisis [4]. These problems have been proven
to increase out-migration rates and human security risks in developing regions, often inhabited by
some of the poorest populations in the world [3]. Given the importance and the vulnerability of tropical
deltas, monitoring and understanding the land cover dynamics in these regions is vital for achieving
efficient policy planning and progress toward achieving the Sustainable Development Goals [5].
The Niger River Delta (NRD) is the largest river delta in Africa [6] and home to a rapidly increasing
human population. It features the largest mangrove forest in Africa, estimated to be ~5% of the global
mangrove coverage and the fifth largest mangrove forest in the world [7]. It is recognised as a highly
important resource for the local communities, as it is utilised for fisheries, fuelwood, construction
material, flood protection, medicinal purposes, recreation, and tourism, and holds an important spiritual
value [8–13]. Substantial oil and gas deposits are found under the mangrove ecosystem of the NRD.
Over the last decades, this highly significant ecosystem is under threat of loss or degradation, mainly due
to oil and gas exploration activities, the overexploitation of the mangroves for fuelwood, urbanisation,
and the invasion of the Nipa palm species (Nypa fruticans) [11,14–19]. Climate change [13,20], sea level
rise [21], and coastal erosion [22] are also threats to the mangrove system. Despite the importance of
the NDR resources, and the perceived degradation from anthropogenic and environmental pressures,
reliable information on land cover dynamics and, particularly, on the extent and condition of the
mangrove forest, is still lacking.
Assessing land cover dynamics over large areas is only possible via Earth Observation technologies,
which is commonly done with multi-temporal Landsat data. The Landsat archive is truly invaluable as
it constitutes the only global medium-scale data available for ~50 years. More ‘traditional’ approaches
have used image mosaics or single images from single-sensor data to map two (before and after) dates
and assess change from these [9,23–27]. However, over certain parts of the world, e.g., western and
eastern Africa, the data archive has significant gaps [27,28]. Moreover, the use of optical data for
accurately mapping and monitoring land cover dynamics over the tropics can be problematic due to
the extensive cloud contamination, which renders the creation of image mosaics over large areas an
unachievable task [29–31].
Recent advances in data availability, computing power, cloud computing, and algorithm
development (e.g., machine and deep learning) have given rise to new approaches to multi-temporal
assessments of land cover, e.g., image compositing [32], and spectral-temporal metrics [33,34].
The combination of optical and radar data has also been hailed as an important advancement
in regional-scale land cover mapping as certain land cover types, such as mangroves and savannah
woody vegetation, are mapped successfully using radar backscatter data, taking advantage of their
ability to ‘see’ through cloud [19,35–41]. Over the last decade, object-based image analysis (OBIA)
approaches have also been tested to successfully separate mangrove species from other coastal
vegetation [42], to map the Amazonian mangrove belt [38], and to assess long-term variations of
forest loss, fragmentation, and degradation using a combination of OBIA and spatial autocorrelation
indicators [43].
There has been a limited number of studies that mapped land cover dynamics in the NDR [9,23,27,44]
as the area is one of the most affected worldwide from the gaps in the Landsat archive and a consistent
cloud contamination. With the exception of Nwobi et al. [19], these have employed ‘traditional’
remote sensing approaches and results have been contradictory. Even fewer studies have attempted to
estimate the spatial extent of the degraded mangrove cover. Kuenzer et al. [27] used mosaics of Landsat
images to map land cover change in the NDR over three dates but reported low per class classification
accuracies for both the “tall mangrove” and the “degraded mangrove” classes, making area calculations
unreliable. Salami et al. [45] compared the accuracies achieved by using Landsat ETM+, ASTER and
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NigeriaSat-1 data to map the six main land cover classes. For the mapping of degraded mangrove,
they reported high accuracies for all three platforms. However, their study covered a small fraction of
the NRD.
Based on the initial assessment of land cover transitions and dynamics, land cover change studies
often move on to explain the changes in terms of explanatory variables (i.e., land use change drivers)
or to forecast spatial patterns of future land cover under different scenarios (i.e., land use change
models) [46–51]. The success of these next stages greatly depends on the ability to carry out an accurate
initial assessment of the dynamics. Moreover, apart from the need to map land cover accurately, there is
also a requirement to understand the dynamics more fully. For example, a simple comparison among
the land cover maps does not determine whether the observed changes derive from processes that are
systematically more intensive than random processes. Over the last years, new approaches have been
suggested for characterising land cover change patterns quantitatively so that any potential subsequent
analyses can focus more efficiently on the important patterns and processes of change, such as the
intensity analysis proposed by Aldwaik and Pontius [52]. Other studies, with a specific interest on
the fragmentation of habitats for example, have focused on the calculation of landscape metrics from
the initial assessment of land cover. These studies have shown that the fragmentation of forests has
detrimental effects for the health of the ecosystem and the services that it is able to provide [50,53,54].
A number of indices have been created to quantify landscape structure and spatial heterogeneity based
on the composition and configuration of the landscape [55–58].
To date, no study related with the assessment of land cover change in the NDR has incorporated
recent analytical approaches (e.g., intensity and fragmentation analyses) and the technological
and algorithmic achievements (e.g., multi-sensor data, machine learning algorithms) to improve
classification accuracies and our understanding of the land cover dynamics. Therefore, there is a need
for a comprehensive study of land cover change in the region. In this paper, we aim to accurately
assess the land cover dynamics in the NDR over the last decades, and improve our understanding of
the extent of the degradation of the delta’s mangrove forest. We will do so by:
• Mapping the main land cover types of the NDR in three epochs using Landsat data,
spectral-temporal metrics, and a machine learning algorithm;
• Testing the performance of the classifier when radar L-band data are added to the Landsat;
• Assessing land cover change intensity over the two periods; and
• Quantifying the mangrove forest degradation and its fragmentation using landscape metrics.
2. Study Area
The Niger Delta is a flat alluvial plain located in Nigeria on the Gulf of Guinea (Figure 1). It is
the largest river delta in Africa formed primarily by sediment deposition. It has a coastline of 470 km
and consists of a number of ecological zones, including mangrove swamps, freshwater swamps,
forests, and lowland rain forests. The Delta has two distinct seasons (wet and dry) with an average
temperature of 27 ◦C throughout the year and annual rainfall of 3000 to 4500 mm [13]. The Niger
Delta Region covers an area of 56,000 km2 that consists of 7 administrative states (Abia, Akwa Ibom,
Anambra, Bayelsa, Delta, Imo, and Rivers) and is home to more than 33 million inhabitants (265 people
per km2; [59]). More than 70% of these people depend on the natural environment for their livelihoods.
The NDR is considered a hot spot for biodiversity in the world with 3 sites designated as Ramsar
Wetlands of International Importance [60]. It is a hub for oil and gas exploration, home to 80% of the
refineries in Nigeria and extensive infrastructure (e.g., c. 900 oil wells, c. 100 flow stations and gas
plants, c. 1500 km trunk lines, and c. 45,000 km flow lines) [61]. Nigeria’s GDP, which rose from
~292 billion USD in 2009 to over 448 billion USD in 2019 [62], is mainly generated by the oil and gas
sector. Yet, the NDR remains under-developed and its inhabitants impoverished. The Nigerian Land
Use Act excludes the ownership of oil minerals by the state. This is perceived by many as socially
inequitable, and has resulted in continuous instability in the region [63]. Additionally, more than
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220 oil spills and 17 billion cubic metres of gas flares per year, together with the impacts of the human
population explosion, have led to the degradation of the Niger Delta ecosystem [9,10,19,27,64].
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3.1. Data
3.1.1. Reference Data
Very high-resolution reference data were used for the recent epoch. This dataset is available as a
MAXAR Vivid basemap within the ArcGIS software [67,68]. These cover the study area with data from
November 2009 to January 2017. About 90% of the study area is covered with 46-cm-pixel data from
GeoEye-1 (10 December 2010, 16 December 2011, 3 January 2013, 17 December 2013, 10 April 2014,
8 January 2015), 60-cm-pixel data from QuickBird-2 (11 February 2010, 3 October 2010, 12 June 2013),
and 50-cm-pixel data from WorldView-2 (1 December 2011, 16 February 2013, 13 January 2014,
12 March 2015, 17 December 2015). Thanks to the familiarity with the study area, the broad land cover
classes that were targeted in this paper were relatively easily identifiable on the very high-resolution
imagery. This was also the case for the degraded mangroves, which presented the additional advantage
of being spatially confined within the coastal zone, in general, and the mangrove system, in particular.
3.1.2. Landsat Data
The choice of Landsat data was driven by the need to coincide with as many other NDR studies
as possible, so that comparisons could be drawn between them. Two such studies were identified:
the one by Ayanlade and Drake [23] and the study by Kuenzer et al. [27]. The latter was particularly
targeted, as it is the only one that has attempted to map the “degraded mangrove” class. The choice of
the three epochs was also driven by the availability of the reference data and the SAR imagery.
We used all the dry season (December to February) Level 1 surface reflectance Landsat 4, 5, 7,
and 8 images centred around 1988 (±2 years), 2000 (±2 years), and 2013 (±2 years) with less than
80% cloud cover from the USGS EROS Data Center for the eight WRS-2 tiles covering the study area
(path 187, row57; p188, r55; p188, r56; p188, r57; p189, r55; p189, r56; p189, r57; p190, r56). Only the
non-thermal bands were used, and clouds and cloud shadows were removed using F-mask [69,70].
Finally, the Normalised Difference Vegetation Index (NDVI) [71] was calculated. From the resulting
7-band image stacks (i.e., six non-thermal bands, plus the NDVI), spectral-temporal variability metrics
were calculated [33,34,72,73]. For the recent epoch, five statistics for each of the seven bands were
calculated: the standard deviation, the mean, and 3 percentiles (25th, 50th, and 75th). This brought the
total layers for this epoch to 35. However, as data availability for the first two epochs was problematic
(Figure 3), we limited the number of statistics per band to 2 (mean and st. dev.) and the total number
of layers to 14.
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3.1.3. Radar Data
Radar data were chosen for testing whether their addition to the optical metrics could improve the
land cover classification. For the recent epoch, we employed the 2015 global 25 m resolution L-band
Synthetic Aperture Radar data from the Advanced Land Observing Satellite-2 (ALOS-2) PALSAR-2
Remote Sens. 2020, 12, 3619 7 of 22
sensor via Google Earth Engine’s API. The data are free and open access with two polarisations
(HH and HV) and are currently available for 2015 to 2018. To increase the utility of the SAR data,
we used Google Earth Engine to calculate a series of Gray-Level Co-Occurrence Matrix (GLCM) texture
variables [72]. GLCMs are a series of localised texture metrics that quantify the statistical properties of
a layer over a moving window [74]. We calculated seven GLCM layers (mean, variance, homogeneity,
contrast, dissimilarity, entropy, and second moment) [75]. These statistics were calculated over both
3 × 3 and 9 × 9 windows, resulting in 15 layers per SAR backscatter (one backscatter + seven 3 × 3
GLCM layers + seven 9 × 9 GLCM layers), totalling 30 layers for the year 2015.
For the middle epoch, we acquired JAXA’s 25 m resolution JERS-1 tropical region mosaics for the
year 1996, the only year that such data are available over the Niger Delta Region. One polarisation is
available (HH), from which we calculated 15 GLCM layers to use in the classification.
3.2. Land Cover Mapping
3.2.1. Sampling and Validation
In total, 185,504 samples were taken for the epoch centred around 2013. For the first and second
epochs (i.e., 1988 and 2000), TimeSync-Plus v4.6 was used [76] to check for unchanged pixels at the
2013 sample locations. This resulted in 142,045 and 99,220 samples, respectively, for which we could
confidently say that no change in the Landsat time series occurred. During classification, half of these
samples were used for training and half for validation.
3.2.2. Image Classification & Post-Classification Processing
We developed the land cover classification using Random Forests classification models.
Random Forests have been used successfully to classify Landsat imagery, thanks to their effective
handling of correlated predictors and reduced tendency toward overfitting [77]. We used the ‘RStoolbox’
and ‘randomForest’ packages within the R statistical environment [78]. One optical only model was
tested for the first epoch, while for the middle and most recent ones, we tested the performance of
optical only and optical + SAR metrics (Figure 2). Based on the accuracies achieved, the outputs from
the best performing models were chosen for the middle and more recent epochs. A 3 × 3 majority
filter was applied to the outputs from all 3 epochs to get rid of the ‘salt and pepper’ effect of the
classification. Finally, based on our knowledge of the study area, expert rules were applied to correct
for some classification errors [72].
3.3. Intensity Analysis
Aldwaik and Pontius [52] devised a methodology that characterises patterns of land change
quantitatively. It provides a mathematical framework that compares a uniform intensity to observed
intensities of temporal changes among land cover classes (or ‘categories’) [79]. There are three levels of
analysis, with each level exposing different types of information given the previous level of analysis.
The first level, i.e., the interval level, examines how the size and speed of change vary across time
intervals. The intensity of the rate of annual change is estimated using the following equations [52]
(for notation, see Table S1 in the Supplementary Material):
St =
area o f change during interval [Yt , Yt + 1]/area o f study region
duration o f interval [Yt , Yt + 1]
× 100%, (1)
U =
area o f change during all intervals/area o f study region
duration o f all intervals
× 100%. (2)
The second level is called “category level” and it examines how the size and intensity of gross losses
and gross gains in each land cover class vary across classes for each time interval. This level identifies
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which land cover classes are relatively dormant or active in each time interval [52]. Equations (3) and (4)
provide the intensity of a class’ annual gain and loss, respectively:
Gt j =
area o f gross gain o f class j during [Yt , Yt + 1]/duration o f [Yt , Yt + 1]
area o f class j at time Yt + 1
× 100%, (3)
Lti =
area o f gross loss o f class I during [Yt , Yt + 1]/duration o f [Yt , Yt + 1]
area o f class i at time Yt
× 100%. (4)
The third level, the “transition level”, examines how the size and intensity of land cover class’
transitions vary across the other classes that are available for that transition [52]. At each level,
the method tests for stationarity of patterns across time intervals and identifies which land cover
transitions are particularly intensive in a given period. Aldwaik and Pontius [52] provide a detailed
explanation of the limitations concerning where the transition from a particular land cover class m
to a class n can occur. For example, if a given land cover class n exists at a particular location at the
initial time, then class n cannot gain at that place. If class n gains, then it must gain from locations that,
initially, are not class n. If class n gains uniformly across the study area, then this class will gain from
other classes, in proportion to the initial sizes of these land cover classes. Alternatively, class n might
intensively avoid gaining from some particular class(es) and might intensively target gaining from
some other class(es). Given the observed gross gain of class n, Equations (5) and (6) identify which
other classes are intensively avoided versus targeted for gaining by class n in a given time interval:
Rtin =
area o f transition f rom i to n during [Yt , Yt + 1]/duration o f [Yt , Yt + 1]
area o f class i at time Yt
× 100%, (5)
Wtn =
area o f gross gain o f class n during [Yt , Yt + 1]/duration o f [Yt , Yt + 1]
area that is not class n at time Yt
× 100%. (6)
We used the intensity.analysis package in R to carry out the processing (https://cran.r-project.org/
web/packages/intensity.analysis/vignettes/README.html).
3.4. Landscape Pattern Analysis
Post-classification comparison is most informative about changes in the composition of a landscape
but gives us little—only visual—information about the spatial characteristics of these changes and the
distribution of landscape elements. Landscape pattern analysis using landscape metrics provide us
with additional information about the structure of changes, such as landscape fragmentation and patch
aggregation or dispersion, as well as their changes in time. With the latter, we can observe changes in
landscape spatial configuration through time.
We followed the approach used by Gounaridis et al. [53] and selected a number of class-level
metrics [80] in order to study the changes in the spatial configuration and patterns of the ‘mangrove’ and
‘degraded mangrove’ land cover classes. We used ‘Percentage of Landscape’ (PLAND) as a measure
of class abundance, and the ‘number of patches’ (NP), ‘landscape patch index’ (LPI), and ‘patch area
median’ (AREA_MD) to study fragmentation of the classes of interest. With regard to patch shape
analysis, we used the ‘area weighted mean patch shape index’ (SHAPE_AM), and for the aggregation of
these classes, we used the ‘area weighted mean Euclidean nearest neighbour distance index’ (ENN_AM)
along with its standard deviation (ENN_SD). Finally, we also used the aggregation index of ‘percentage
of like adjacencies’ (PLADJ). Table 1 provides a listing of the selection of landscape metrics used in
this study, together with a short description of their correlation with mangrove forest fragmentation.
For more information, refer to McGarigal and Marks [80] who provide a full description of the metrics,
including their mathematical formulas.
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Table 1. Selection of landscape metrics used in this study with a short description of their relationship
with mangrove forest fragmentation.
Name Abbreviation Description
Percentage of
Landscape (%) PLAND Class percentage in landscape (proportional abundance)
Patch area median (ha) AREA_MD
The median of patch areas in a class (a summary metric for the
size of patches in the class, which is not influenced by very large
patches)
Number of patches NP The number of patches in each class (simple measure offragmentation)
Area weighted Mean
Patch Shape Index SHAPE_AM
Patch shape complexity at class level (indicative of changes at
the edges)
Largest Patch Index (%) LPI Percentage of total landscape area occupied by the largest-sizedpatch (measure of dominance)
Percentage of like
adjacencies (%) PLADJ
The proportions of like adjacencies to the total number of





Euclidean distance measured form patch edge to the closest
patch edge from the same class (measures patch dispersion).
Here we use the area weighted mean for the class to balance the




ENN_SD Measure of variation of ENN in the class (in comparison withthe mean shows the form of distribution of patches in the class)
4. Results
4.1. Land Cover Mapping and Validation
Figure 4a–c are the outcomes of the classification of the metrics for the three epochs, and are
accompanied by pie charts that summarise the proposition covered by each class. For the middle and
latest epochs (Figure 4b,c), the combination of the optical with the SAR data produced slightly better
results (Table 2) and were, therefore, the ones chosen for the subsequent analyses. The largest land
cover class is by far woodland, which covers ~40% of the area (~23,000 km2). Agricultural land is the
second largest in all three time points (~12,000 km2), while mangroves (degraded and non-degraded)
and grassland occupy significant portions of the delta, too (~8000 km2).
The classification results produced high overall accuracies of 79% (95% CI: ±3%), 83% (95% CI:
±3%), and 82% (95% CI: ±2.6%) for the three epochs, respectively (Table 2). Per-class accuracies
(% correct, producer’s and user’s Accuracies; Table 2) were also high, with the exception of the bareland
and grassland classes. The lower accuracies for these two types are attributed to the spectral confusion
with the agricultural class: when fields are fallow, it gets confused with bareland, while when they
are covered with vegetation, it is mostly confused with grassland (Tables S1–S5). The latter is also
confused with woodland, as open woodland pixels contain a significant amount of spectral response
from grasses.
Most importantly for the objective of this study, the mangrove class was mapped with high
accuracy, with percentage correct and user’s and producer’s accuracies above 90% in all three time
steps and models (Table 2). The degraded mangrove class was also mapped accurately, with producer’s
accuracies being consistently very high for all epochs and data combinations. However, there was
some confusion between this class and the non-degraded mangroves (confusion matrices Tables S2–S6
in the Supplementary Material), resulting in lower user’s accuracies, ranging from 77% to 79% for the
first two time points (Table 2).
The inclusion of the SAR data in the classification of the more recent epochs generally improved
the results but only slightly (Table 2). The most noteworthy improvements were achieved by the
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inclusion of the PALSAR-2-based metrics in the latest time point, with the user’s accuracies of the
water and urban classes improving by 4% (Table 2).Remote Sens. 2020, 12, x FOR PEER REVIEW 5 of 22 
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Table 2. Overall and per-class accuracy statistics for the three epochs (Wa: Water; U: Urban;
Wo: Woodland; B: Bareland; A: Agricultural; G: Grassland; DM: Degraded Mangrove; M: Mangrove;
CI: Confidence Interval; C = Correct; PA: Producer’s Accuracy; UA = User’s Accuracy).




Accuracy 79.48 82.36 82.61 81.27 82.09
95% CI ±0.003 ±0.0029 ±0.003 ±0.0027 ±0.0026
C PA UA C PA UA C PA UA C PA UA C PA UA
Wa 73 79 73 75 85 75 75 83 75 74 85 74 78 87 78
U 70 92 70 81 92 81 81 96 81 84 92 84 88 92 88
Wo 84 79 84 87 83 87 87 83 87 84 85 84 84 85 84
B 61 77 61 49 84 49 48 80 48 50 85 50 50 86 50
A 81 80 81 88 81 88 88 81 90 88 79 88 87 79 87
G 71 65 71 53 65 53 54 64 54 56 65 56 57 64 57
DM 77 82 77 78 86 78 79 85 79 86 82 86 87 82 87
M 91 90 91 90 90 90 91 90 91 90 92 90 90 93 90
4.2. Land Cover Change Dynamics
The three land cover maps were used to calculate the contingency matrix in Table 3. The matrix
summarises, for the two periods, the area that has remained unchanged and the area and the type of
change observed for each individual class. It also provides a summary of the area covered by each
class in the beginning and in the end of each period as well as of the gains and losses they experienced.
The spatial distribution of the latter is also illustrated in Figure 4d–g.
Table 3. Contingency matrix for the two periods of study representing stable (in bold) and changed
areas in km2. (a) 1988–2000; (b) 2000–2013. Wa: Water; U: Urban; Wo: Woodland; B: Bareland;
A: Agricultural: G: Grassland; DM: Degraded Mangrove; M: Mangrove.
a 2000 (km2)





Wa 395.70 9.34 3.59 12.93 7.72 0.63 51.66 20.58 502.16 106.46
U 4.30 1444.71 95.36 4.59 341.98 85.32 6.09 7.56 1989.91 545.20
Wo 11.61 310.44 193,54.71 3.60 1655.90 2020.54 49.81 363.90 23,770.52 4415.81
B 10.10 10.09 0.30 72.67 19.14 0.19 0.12 0.28 112.90 40.23
A 20.52 543.09 647.15 39.38 8868.25 1439.74 7.48 5.89 11,571.48 2703.24
G 0.55 572.51 2419.61 0.87 2883.36 3534.56 1.62 8.34 9421.41 5886.86
DM 149.47 8.17 13.41 0.35 3.45 1.64 1169.07 454.69 1800.27 631.20
M 40.90 26.06 536.28 0.64 8.09 6.00 535.47 5743.70 6897.15 1153.45
2000
Total 633.15 2924.41 230,70.43 135.03 13,787.88 7088.63 1821.33 6604.94
Gross








Wa 522.59 2.09 4.91 10.26 4.16 0.48 76.77 13.16 634.42 111.83
U 19.64 2150.29 173.38 18.35 357.87 184.36 10.72 10.19 2924.80 774.51
Wo 10.12 371.43 18,959.22 21.03 1251.56 2038.85 67.20 351.52 230,70.92 4111.70
B 58.00 5.09 1.99 57.13 12.33 0.38 0.09 0.09 135.10 77.97
A 25.86 933.43 939.59 46.28 9083.42 2754.41 3.55 1.58 13,788.12 4704.71
G 1.34 253.81 1784.19 5.44 1922.06 3113.85 5.57 2.38 7088.64 3974.79
DM 157.76 3.64 26.83 5.21 4.52 2.07 1158.61 462.79 1821.42 662.81
M 65.30 7.86 377.77 14.21 7.68 7.84 595.84 5529.72 6606.22 1076.50
2013
Total 860.61 3727.63 22267.88 177.91 12,643.6 8102.24 1918.34 6371.43
Gross
Gain 338.02 1577.34 3308.66 120.78 3560.18 4988.39 759.74 841.71
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4.3. Intensity Analysis
The interval level of the intensity analysis identifies the time interval in which the overall annual
rate of change is faster. The total change in both intervals was found to be relatively similar: ~17% of
the total area in the first period and ~15% in the second. However, the intensity of the annual area
of change in the first interval is faster than in the second (1.42% and 1.16%, respectively; Figure 5).
The output of Equation (2) is 1.28%, depicted as a dashed line in Figure 5. Compared to this value,
the rate in the first period is considered ‘fast’, while in the second ‘slow’.
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Figure 5. Intensity of the annual area of change within the two time intervals of the study. The dashed
line is the uniform line (i.e., the output of Equation (2)).
Figure 6 is the graphical e resentation of the ‘category level’ f the intensity analysis. Figure 6a,c
depict the size of the annual gain of loss of each land cover class in the first and the second
period, respectively. Figure 6b,d show the intensity for a class’ annual gain or loss, as calculated
by Equations (3) and (4). The two dash d lines how the output of Equation (1) for each period,
i.e., the uniform line for each period at this category intensity level [52]. When an intensity bar remains
to the left of the uniform (dashed) line, then the change is relatively dormant for that land cover class
and period. On the contrary, if the bar extends to the right of the dashed line, then the change is
relatively active for that class and period. If, for a given land cover class, the intensity of the gains or
losses remain active or dormant during all study periods, then the specific type is considered stationary.
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Figure 6. Category intensity analysis for the two periods. (a,c): gross annual area of gains and losses.
(b,d): intensity of annual gains and losses within each land cover category. “# of elements” is the
number of pixels. The dashed lines in (b,d) signify the uniform intensity value. Wa: Water; U: Urban;
Wo: Woodland; B: Bareland; A: Agricultural: G: Grassland; DM: Degraded Mangrove; M: Mangrove.
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At the transition level, the intensity analysis identifies which transitions are more intensive in
a given time interval. Given the scope of the present paper and the need to keep the presentation
of the results as succinct as possible, Table 4 summarises the results only for the transition from
mangrove to any other class for the two periods. The outcome for all the other transitions is provided
in Tables S7 and S8 of the Supplementary Material.
Table 4. Transition level intensity analysis FROM-Mangrove TO-all other classes (1988–2000 and
2000–2013). In bold and underlined: targeted classes (compared to uniform). Deg.: Degraded.
Transitions FROM Mangrove













% of 2013 Category
Water 206 0.03 332 0.05
Urban 717 0.03 540 0.02
Woodland 506 0.00 1431 0.01
Bareland 40 0.04 221 0.20
Agricultural 485 0.00 298 0.00
Grassland 244 0.00 461 0.01
Deg. Mangrove 23,799 1.57 32,742 1.80
4.4. Landscape Pattern Analysis
Figure 7 depicts the evolution of the selected landscape metrics through time for the healthy and
the degraded mangroves classes.
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Figure 7. Landscape metrics for the mangrove and degraded mangrove classes. (a) Percentage of
Landscape (%; P AND); (b) Number of patches (NP); (c) Largest Patch In x (%; LPI); (d) Area weighted
mean Euclidean nearest neighbour distance (m; ENN_AM); (e) Patch area median (ha; AREA_MD);
(f) Area weighted M an Patch Shape Index (SHAPE_AM); (g) P rcentage of l ke adjacencies (%; PLADJ);
(h) Euclidean nearest neighbour distance Standard Deviation (ENN_SD).
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5. Discussion
Accurate and reliable information of land cover dynamics is essential for the sustainable
management of tropical deltas and mangrove ecosystems and their capacity for ecosystem service
provision. The ‘traditional’ remote sensing mapping approach involving the use of image mosaics
of optical data from two dates, together with likelihood function maximisation image classification
algorithms, is not reliable in the humid tropics due to cloud cover [29,31], data availability [27,28],
and algorithm performance. This has led to conflicting land cover change estimates for the largest
river delta in Africa and the failure to assess the extent of degradation of one of the most endangered
ecosystems in the world [60]. Our results show that, by incorporating novel image compositing
techniques, spectral-temporal metrics, and machine learning classification algorithms, a reliable
assessment of the change dynamics over the Niger Delta Region can be made. Our accurate land cover
estimates also allowed for a more comprehensive land change analysis that incorporates an assessment
of change intensity and the fragmentation of a key component of the NDR: its mangrove forests.
5.1. Land Cover and Change Dynamics
There is an inherent difficulty in mapping land cover in tropical deltas, in general, and mangrove
forests, in particular, as they are affected by seasonal and intertidal effects, with pixels often comprising
of a mixture of vegetation, soil, and water due to their location between land and sea and the average
tidal range in the Niger Delta being 1.5 m [9]. Nevertheless, we mapped the eight main land cover
types for the entire NDR, achieving high overall accuracies in all epochs (~79% for 1988, and 82% for
2000 and 2013; Table 2) and high producer’s accuracies for all classes and years. With the exception of
the grassland and bareland classes, user’s accuracies were also high (from 70% to 91%). Our results
compare favourably with other studies in the NDR [19,23,44,45]. Regarding the mapping of degraded
mangroves, one of the main objectives of this paper, our study is the first to map this accurately with
user’s accuracies between 77% and 87% and producer’s consistently above 82%. The only other study
that attempted to map degraded mangroves reported very low accuracies [27].
The results reveal some interesting dynamics:
• There is consistent net loss in mangrove and woodland types and a consistent net gain of the
urban class in both periods of study
• The area covered by non-degraded mangroves was reduced by ~250 km2 in each period
(=Gross Loss – Gross Gain)
• About 10% of mangroves are degraded in each interval, and an additional 34 km2 of mangrove
were converted to urban land use in both periods
• A portion of degraded mangrove is able to bounce back into its healthier state
• The net loss for the woodland class was more than 700 km2 in each period. A part of this class is
converted to grasses (~8% and ~9%) and to agricultural land (~7% and ~5%)
• A quarter of the area mapped as grassland in the initial dates is converted to woodland by the
end date
• The built-up areas increased by 47% (~900 km2) in the first period, an area larger than the size of
New York City. In the second period, the increase was smaller (~800 km2) but still it amounted to
27% of the area covered in 2000
More specifically, according to our findings, healthy mangroves reported a net loss in both study
periods: 292 km2 in the first and 235 km2 in the second, while degraded mangroves consistently
reported a net gain (21 km2 in the first and 97 km2 in the second). Interestingly, our study and the
studies by Kuenzer et al. [27] and James et al. [9] found a similar decrease in the overall combined
(degraded and non-degraded) mangrove area. According to our results, this area was 270 km2, while,
in an almost identical period of study, Kuenzer et al. [27] found that the loss was 239 km2. In the
James et al. [9] study between 1987 to 2002, the loss was 213 km2. However, our more accurate
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findings identify the total areas covered by the mangrove classes to be very different to the areas in
the Kuenzer et al. [27] study: we found that mangroves and degraded mangroves occupied an area
between 8697 and 8428 km2 in the two periods, while Kuenzer et al. [27] claim that these numbers were
10,311 and 10,072 km2, respectively. These figures differ by almost a fifth, and can play a significant
role in the setting of conservation targets, management policies, and sustainability goals. Moreover,
our mangrove results compare favourably with three studies that mapped mangroves as one class
accurately: the study of Nwobi et al. [19], who found that mangroves occupied an area of 9115 km2 in
2007 and 8017 km2 in 2017; the study of Ayanlade and Drake [23] (9965 km2 in 1987, 9255 km2 in 2001,
and 8430 km2 in 2011); and the study by James et al. [9] (7037 km2 in 1987 and 6824 km2 in 2002).
While it is relatively simple to compare the results on the extent of mangroves between the
different studies that mapped land cover change in the NDR, as this class is confined in the coastal
belt and is always included within the study area, it is not as straightforward to compare the findings
on other land cover types, as the study areas do not match. In the case of woodland, for example,
the biggest land cover type in the NDR, our study found that it occupied 23,770 km2 in 1987 and
suffered net losses in both periods: ~700 km2 in the first and ~800 km2 in the second. The study by
Ayanlade and Drake [23] also found net losses in both periods for the combined “lowland rainforest”
and “freshwater forest” classes but found that these occupied 31,200 km2 in 1987, 25,400 km2 in 2001,
and 21,470 km2 in 2011. However, their study area far exceeds the boundaries of our delineation of the
NDR. The study by Kuenzer et al. [27] also agrees that “forest” and “swamp forest” experienced net
losses in both periods. They report far smaller areas than both our study and the study by Ayanlade
and Drake [23]: 18,325 km2 in 1987 and 15,408 km2 in 2013. Finally, the Nwobi et al. [19] study also
agrees that “tropical forests” were reduced but reported that these occupied 29,000 km2 in 2007 and
25,500 km2 in 2017. As all of these studies, including ours, reported high per-class accuracies in the
mapping of forests, it is difficult to ascertain which on is closer to the true figure.
The difficulty in comparing the findings of different studies remains for the agricultural class,
which we found to significantly increase in the first period (from 11,571 to 13,787 km2) and decrease in
the second (12,645 km2 in 2013). An additional issue to the problem of relating to different study areas
around the NDR is the choice of land cover nomenclature. Based on our knowledge of the region and
on the classification systems of the ESA 20m African land cover data for 2016 and the GlobeLand 30 m
data for 2010, we included a grassland class in our mapping efforts, which were found to decrease in
the first period (from 9421 to 7089 km2) and increase in the second (8102 km2 in 2013). Our figures for
the agricultural class are significantly lower to those in Ayanlade and Drake [23], Kuenzer et al. [27],
and Nwobi et al. [19]. However, none of these studies included a separate class for grassland but,
according to their spatial outputs, appear to have mapped this together with the agricultural class.
We recognise that separating these classes poses difficulties, as the spectral separability between them
is low: our user’s accuracies for grassland are testament to that (Table 2). However, we strongly believe
that it is a shortcoming to map these two classes as one, as this precludes the identification of very
important land cover dynamics between either of these classes and, for example, the woodland or
urban classes. If summed together, our estimates of agricultural and grassland compare favourably
with those of Nwobi et al. [19], who estimated the area covered by “agricultural land” as 21,733 km2 in
2007 and 24,179 km2 in 2017.
An important change that occurred in both periods is the expansion of the built-up areas:
from 1990 km2 in 1988, to 2924 km2 in 2000, to 3728 km2 in 2013, i.e., an 87% increase. As in the previous
land cover types, the difference in the extent of the study area makes comparison to the other studies
difficult. For example, the Ayanlade and Drake [23] study reports much higher figures, but their study
includes the city of Benin, the fourth largest Nigerian city, which lies outside of our delineation of
the NDR. Similarities exist between our findings and the Nwobi et al. [19] study: their ‘built-up-area’
class occupied 3950 km2 in 2007 and 5938 km2 in 2017. Their higher estimates can be attributed to the
fact that they include the city of Calabar and a number of built-up areas in the northeast of their study
area that lie outside our delineation of the NDR.
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According to the results of our intensity analysis (Figure 6b), in the first period of study,
only mangroves and woodland demonstrated dominant gains, while all the other categories had
active gains. Interestingly, only the grassland and bareland types had active annual change intensities,
with the former having the largest size of losses in this period (Figure 6a). However, these two are
the classes that scored lower user’s accuracies and the respective intensity results need to be treated
with caution. Notable results from this period are the ~5 times greater annual intensity of mangrove
loss than gain and the ~10 times greater annual intensity of urban gain than loss. The intensity of
agricultural expansion is also noteworthy, reporting ~2 times greater gain than loss.
In the first period, the land cover class that mangroves ‘target’ most intensively when they change
is degraded mangroves, with a transition intensity of 1.57% of the total area of degraded mangroves in
the end of the first period. This is much higher than the estimated uniform change intensity of 0.06%.
An area of 535 km2 of mangroves was degraded by the year 2000. In the second period, this change is
even more intense (1.80%, higher than the uniform intensity of 0.08%) and leads to a conversion of a
total of 596 km2 of mangrove to degraded mangrove by 2013. Bareland is also found to be a targeted
class for mangroves with an estimated transition intensity of 0.20% (221 km2). Water also targets
bareland, as well as mangroves and degraded mangroves, with transition intensities higher than the
estimated uniform change intensity. As this is the first paper to undertake an intensity analysis in the
NDR, we are unable to compare our findings to existing studies.
5.2. Fragmentation and Degradation of the Niger Delta Mangrove Forest
The Niger Delta’s mangrove forest is a hub for substantial oil and gas deposits. As a consequence,
it is highly vulnerable to activities of oil and gas extraction, e.g., land clearing, dredging, construction of
flow stations, pipe and seismic lines, well blowouts, leakages or corrosion, equipment failure,
error during operation or maintenance, accidents during transportation, sabotage, etc., as well as
urbanisation, selective logging, and the proliferation of the invasive Nipa palm species (Nypa fruticans)
that lead to the forest’s destruction, fragmentation, and degradation [9,10,19,27,64].
Our land cover change and intensity analyses showed that degraded mangroves increased in both
periods of study and mangroves losses were 5 times more intense than gains. To further assess the
condition of the Niger Delta mangrove forest, we carried out the first ever fragmentation analysis of
the area. Our fragmentation results show that the ‘number of patches’ (NP) for the healthy mangroves
increased persistently while the ‘total percentage of landscape’ (PLAND) decreased (Figure 7a,b).
The ‘largest patch index’ (LPI), a measure of dominance (Figure 7c), shows that in the second period,
larger patches are on a decrease. The ‘area weighted mean shape index’ (SHAPE_AM; Figure 7f) is
also decreasing for the healthy mangroves, in both periods: this indicates that changes are happening
in the perimeter of patches, uniformly. The ‘area weighted mean Euclidean nearest neighbour distance’
index (ENN_AM; Figure 7d) is slightly decreasing, indicating less dispersion of the healthy mangrove
patches. The standard deviation of this index (ENN_SD; Figure 7h) is decreasing but with high values
compared to the mean, which indicates a more uneven distribution of patches. The high and steady
values of PLADJ (Figure 7g) confirm the ENN results: the healthy mangrove patches remain relatively
aggregated throughout the study period. This was expected, as mangroves are very localised within
the delta and naturally only occur by the coast.
Figure 7 also shows the change in landscape metrics through time for the degraded mangroves.
The size of this class (PLAND; Figure 7a) is constantly increasing but shows some fluctuation in the
number of patches (NP; Figure 7b). A divergent pattern is observed in the evolution of the number of
patches and the median of patch area metrics (AREA_MD; Figure 7e): NP increases in the first period
and AREA_MD decreases, while in the second period, this is reversed. The latter means that this class
becomes less fragmented, with more patches and lower patch size in the first period. Between 2000 and
2013, there are fewer patches and larger patch sizes, indicating that some of the first period’s patches
have merged to form larger ones.
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A visual examination of the land cover maps and derived change maps from these revealed three
areas that demonstrate higher concentrations of degraded mangrove. One such area is in the eastern
part of the NDR, around the city of Port-Harcourt and the towns of Bonny, Okrika, and Degema
(Figure 8a). Mangrove degradation here can be attributed to the effects of rapid urbanisation and
oil extractive activities [14,17], as demonstrated by the overlap with the locations of the oil wells,
the pipelines, and the oil spills in Figure 8a. At the central part of the study area, mangrove degradation
is mainly due to oil spills resulting from crude oil extractive activities, notably near River Bayelsa and
the towns of Nembe, Southern Ijaw, Ekeremor, Brass, and Oloibiri, where oil extraction first began as
early as the 1950s (Figure 8b). The highest concentration of degraded mangroves is, however, in the
western part of the NDR, in the Delta state (Figure 8c). This area shows widespread degradation,
with a notable increase in the second and third date around the towns of Wari South and Wari South
West. Several oil spill and gas incidents have been reported in the literature around this area and
period [14,15,17,18].
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Figure 8. Oil wells, pipelines, oil spills, and mangrove degradation hotspots in three parts of the study
area: (a) the eastern area, around the city of Port-Harcourt; (b) the central area, near the river Bayelsa,
and (c) the western area around the cities of Wari South and Wari South West. U: Urban; M: Mangrove;
DM: Degraded Mangrove. (Oil spill data: https://www.nosdra.gov.ng and https://oilspillmonitor.ng.
Oil wells and pipeline data: https://www.shell.com.ng).
6. Conclusions
The Niger Delta Region (NDR) is an important ecosystem, providing numerous services to the
millions of its human inhabitants. Despite its undisputable importance, it is under threat of degradation,
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mainly due to human pressure, and especially as a direct consequence of the activities related with the
significant oil and gas reserves in the region. Understanding the extent of the problem requires an
accurate assessment of the land cover dynamics in the region, which can only be achieved through the
use of state-of-the-art remote sensing technologies and analytical techniques. Cloud contamination
and gaps in the commonly employed Landsat archive makes this a fathomable task.
Here, we were able to accurately assess the land cover dynamics over a period of 25 years using
the Google Earth Engine cloud computing platform to estimate spatial-temporal Landsat-based metrics
in three epochs. Our results showed that mangroves, the lowland rainforests, and the freshwater
forests have demonstrated a net loss, while the built-up areas have almost doubled in the period
of study. By performing a land cover change intensity analysis, we were also able to demonstrate
how highly intense these changes were. We also tested the ability of L-band SAR data in improving
the Random Forests classifications of the main land cover types in the delta and found that these
only improve the mapping of the urban and water classes, provided that more than one polarisation
is available. Our results provide a valuable quantification of the land cover dynamics in the NDR
and the first ever accurate assessment of the spatial extent of the degraded mangroves in the region.
Such assessments are imperative for successfully addressing a number of the Sustainable Development
Goals and achieving Land Degradation Neutrality by 2030, as envisaged by the United Nations LDN
Target Setting Programme.
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